genome-wide; haplotype association mapping; diferric transferrin; copper; zinc IRON IS AN ESSENTIAL METAL that is involved in many processes requiring electron transport, with the carriage of oxygen being the most important. If present in excess, iron can catalyze the formation of highly reactive free radicals that are damaging to cellular components. Thus, tight regulation of body iron homeostasis is necessary. This occurs mainly at the level of absorption of dietary iron in the intestine as there is no regulated excretion mechanism for iron (27) . Only 1-2 mg of iron is provided from the diet each day, and this balances the amount lost through the feces, urine, and dead skin cells (4) . Much more iron is required for metabolic functions, so the rest is recycled from senescent red blood cells by macrophages. Iron in excess of immediate metabolic requirements is stored primarily as ferritin and hemosiderin in the liver, spleen, and bone marrow. Levels of body iron stores in healthy human adults can vary considerably. For example, serum ferritin levels, which usually reflect body iron stores, ranged from Ͻ15 g/l to Ͼ1,000 g/l in a multiethnic population (1) . A change of 1 g/l in the serum ferritin concentrations corresponds to a 7-7.5 mg change in iron stores (45) . A study of 1,233 twin pairs found that 45% of the variation in serum ferritin could be explained by additive genetic factors (65) . A similar study on 2,039 female twins found that genetic effects account for 47% of the variance in transferrin saturation and 41% of the variance in log-transformed serum ferritin concentration (66) . Many individuals can compensate for reduced levels of iron in the diet by increasing the efficiency of their iron uptake and utilization, although there is variability in this capability that is also attributed to genetic factors (9) . There are also differences in the prevalence of iron deficiency between different ethnic groups with similar dietary intake, suggesting that nondietary factors might be a source of the discrepancy between the groups (38, 54) . Mutations in the genes encoding the hemochromatosis protein (HFE), hemojuvelin (HFE2), hepcidin (HAMP), transferrin receptor 2 (TFR2), ferroportin (SLC40A1), or rarely ceruloplasmin (CP) and transferrin (TF) lead to iron overload. The accumulation of iron in these diseases varies from gradual to rapid, but in all cases it ultimately leads to tissue damage (4) . Similar to iron deficiency, multiple genetic factors likely contribute to the variation in the severity of these iron overload-related disorders. For example, in the case of HFE-associated hemochromatosis, there is variable biochemical and clinical penetrance with evidence of modifying genes involved (3, 14) . All these studies suggest a significant genetic contribution to iron homeostasis that still needs to be fully defined.
Classical inbred mouse strains are extensively used as a model for different human traits, and they exhibit diversity of genetic and phenotypic differences (49) . A 1995 study by Leboeuf et al. (33) demonstrated that iron stores are different between different mouse inbred strains. C57BL/6J and BALB/cJ mouse strains required 10 times more dietary iron to saturate their serum transferrin than DBA/2J and AKR/J mice (47) . Several subsequent studies of iron metabolism indicated differences between inbred mice and/or supported a role of genetic control (13, 20, 25, 28, 61) . A small number of these utilized a linkage analysis approach to map underlying genetic variation in intercross mice (25, 28) . In this study, we describe use of a new approach, in silico mapping, to identify genetic regions underlying the variation in iron metabolism between inbred mouse strains. The creation of publically available dense single nucleotide polymorphism (SNP) data sets for number of inbred strains has enabled this in silico approach for mapping quantitative phenotypes (26) . Compared with the linkage-based approaches commonly used in quantitative trait locus (QTL) mapping, the in silico method offers several advantages: 1) it is much faster since there is no need to create and genotype an intercross population; 2) it has a greater resolution due to denser SNP maps and a greater number of (historic) recombination events; and 3) multiple measurements on the same genetic background reduce the influence of measurement error and environmental effects (63) . However, several concerns regarding the utility of this method have been expressed, including the number of strains needed to achieve statistical power, adequate control of false discovery rate (12, 16) , population structure (44) , and genome organization in inbred mice (15) . Since then, a number of improved in silico mapping methods have been applied taking into account some of these concerns (11, 34 -36, 40, 51, 64) , but despite this, a few studies have reported a high number of false positives and have suggested that QTL discovery by in silico mapping should be verified by linkage studies (8, 39) . Furthermore, several studies have pointed out that the value of in silico analysis increases in combination with other available information, such as known QTL mapped by classical approaches, or comparative genomic or gene expression data, in both mapping novel QTL as well as in narrowing down known QTL (7, 10, 11, 64) . However, further studies are warranted to help better evaluate both advantages and limitations of an in silico approach.
In the present study, we measured basal liver iron levels in 18 inbred mouse strains and found substantial variation between the strains. Secondary phenotypes measured included the level of circulating diferric transferrin as another measure of iron status, and liver zinc and copper levels due to the known interactions between iron and these metals. We performed genome-wide haplotype association mapping (HAM) analysis of these traits in a subset of 14 inbred strains for which genotype information was available. Putative QTL significantly associated with any of the four traits were compared with previously identified QTL and descriptions of gene function were derived from the literature. We report the successful refinement of known QTL and the identification of novel putative QTL associated with these traits.
MATERIALS AND METHODS

Mouse Husbandry
Four-week-old mice were obtained from The Jackson Laboratory (Bar Harbor, ME). We used at least six male and six female animals (unless otherwise noted) of 17 inbred strains: 129S1/SvImJ, A/HeJ, A/J, AKR/J, B10.D2-Hc 0 H2 d H2-T18 c /oSnJ, BALB/cByJ, BALB/cJ, C3H/HeJ (nfemale ϭ 5), C57BL/6J (nfemale ϭ 10), CAST/EiJ (nmale ϭ 7, nfemale ϭ 11), DBA/2J (nmale ϭ 12, nfemale ϭ 12), LG/J, LP/J, MRL/MpJ, NZB/BlNJ (nmale ϭ 10), SM/J (nfemale ϭ 4), and SPRET/ EiJ (nmale ϭ 4). For an 18th strain, NZW/LacJ, female animals only were available (overview in Supplemental Table S1 ). 1 Mice were fed ad libitum an AIN93G purified diet containing ϳ35 ppm iron (Dyets) to 8 wk of age. At the time of death, mice were euthanized by carbon dioxide gas without fasting. Blood was collected by cardiac puncture, and at least 30 min later it was centrifuged at 1,000 g for 15 min at room temperature. Serum was aliquoted into microcentrifuge tubes, snap-frozen in liquid nitrogen, and stored at Ϫ70°C. Liver tissue was collected, snap-frozen in liquid nitrogen, and stored at Ϫ70°C. All experimental procedures were approved by the Office of Lab Animal Care at the University of California, Berkeley.
Liver Metal Content
Liver tissue was vacuum dried overnight using a freeze-drying system (Labconco), weighed, then digested in suprapure nitric acid using a microwave digestor (CEM microwave accelerated reaction system 5, CEM). Samples were diluted with metal-free water to give a final nitric acid concentration of ϳ1 M of nitric acid and were used to assess the levels of iron, copper, and zinc by Vista AX CCD inductively coupled plasma-atomic emission spectrometry (ICP-AES, Varian). The metal content of the liver was expressed as micrograms per gram dry weight of tissue. All samples were measured three times.
Diferric Transferrin Levels
Levels of plasma diferric transferrin were determined by urea polyacrylamide gel electrophoresis (21) . Western blotting was used to determine total transferrin levels in the same samples and was carried out as previously described (22) using a polyclonal antibody to human transferrin (1 in 1,000 dilution; Silenus Laboratories, Hawthorn, Australia) that cross-reacts with the mouse protein. Diferric transferrin was expressed as a percentage of total transferrin.
SNP Data
The "SNPster" genotype file contained genotypic information for 16 of the phenotyped strains (A/HeJ and B10.D2-Hc
/oSnJ had no genotype data available). Wild-derived strains, CAST/EiJ and SPRET/EiJ, were omitted for in silico analysis since the presence of unique haplotypes in these strains compromises characterization of haplotype blocks (63) . The dataset from the remaining 14 strains contained allele calls for 137,868 SNPs (including high-confidence imputed calls) distributed over 20 chromosomes. SNP density averaged ϳ19 kb per SNP across the genome. All SNP locations were mapped to the National Center for Biotechnology Information mouse genome map build 36.1.
HAM
For in silico QTL analysis we used the web-based program "SNPster" (at http://snpster.gnf.org), which incorporates an HAM approach over inferred three SNP haplotypes (40, 41, 51) . Briefly, sliding three SNP windows were used to infer haplotypes across strains. The F-statistic was calculated for a given phenotype and inferred haplotype groups in one-factor ANOVA. The significance of the F-statistic was estimated from background distribution simulated nonparametrically using 1 ϫ 10 6 bootstraps of the phenotypic values. The resulting P value was Ϫlog(10) transformed to produce an association score (AS). To account for possible population structure, a "weighted" bootstrap was used, where one strain phenotype served as substitute for the other strain phenotype based on values of a weighted genetic similarity matrix. In brief, a genetic similarity matrix was calculated for all pair-wise strain combinations by dividing the number of genotypes in common between two strains with the total number of genotypes. The ratios obtained were then raised to the exponent of an assigned weight factor. A weight factor of zero corresponds to the unweighted case where all strains are equally likely to be chosen as a substitute. The higher the weight factor, the higher the likelihood of choosing a substitution strain that is genetically and phenotypically similar. As a result, the significance and association scores of those associations that arise due to population structure were decreased. For all analyses, a default weight factor of 3 was used. All data were log transformed prior to analysis. We report results for putative QTL above a threshold set at the fifth percentile of the best 1,000 results for each trait. For every putative QTL corresponding QTL locations (Mb) are calculated by expanding each QTL to the left and right for as long as the association score remained Ͼ2 (or by at least 100 kb). If two putative QTL overlapped or were Ͻ1 Mb apart they were considered to be one signal. For the comparison of our findings with those from linkage studies, centimorgan (cM) to megabase (Mb) conversions were performed using Mouse Map Converter at http://cgd.jax.org. We used "Gene Relationships Across Implicated Loci" (GRAIL) software to examine relationships between genes in putative QTL and known genes influencing a given trait (56) .
Statistical Analysis
Phenotype data are shown as means (Ϯ SD). An unequal variance t-test was used to compare the groups. The Pearson product-moment correlation coefficient (r) was used to calculate the phenotypic correlation between strain mean values for iron, zinc, copper, and diferric transferrin levels in males and females (17 and 18 strains, respectively). The significance level of the correlation coefficient is distributed approximately as t with N Ϫ 2 degrees of freedom, where N is the number of strains. To evaluate the extent of linkage disequilibrium (LD), we calculated the r 2 between all pairs of SNPs in a given region, using the program Goldsurfer 2 (50) .
Heritability
The proportion of total phenotypic variation that is due to the additive effects of genes, narrow-sense heritability (h 2 ), was estimated as described in Koch and Britton (32) . Briefly,
where MSB is the mean square between strains and MSW is the mean square within strains, as estimated from ANOVA, and n is number of animals in each strain. Since the number of animals is not the same for each strain, the average n was calculated as weighted n ϭ 1
where a is the number of strains and n i is the number of animals of each strain. Heritability was estimated for males and females of all strains separately.
RESULTS
Liver Iron, Zinc, and Copper Levels
The liver iron level in males varied from 153. Table S1 ). The differences in iron level between the strains with the highest and lowest values were found to be highly significant both in males and females (P ϭ 0.0002 and P ϭ 0.0019, respectively). In males, copper and zinc levels varied from 9. Table S1 ). The differences between the strains with the highest and lowest values were also found to be highly significant both for copper (P ϭ 1.15 ϫ 10 Ϫ5 and P ϭ 2.2 ϫ 10 Ϫ7 , for males and females respectively) and zinc (P ϭ 0.0016 and P ϭ 1.12 ϫ 10 Ϫ6 , for males and females, respectively) levels. No correlations were seen between iron and copper or between iron and zinc in either sex. However, there was a significant correlation in females between copper and zinc ( Table 1) .
Diferric Transferrin Levels
Mean diferric transferrin values varied from 10.7% (8.9) in SPRET/EiJ to 57.0% (8.9) in MRL/MpJ in males, and from 9.7% (3.0) in SPRET/EiJ strain to 52.9% (4.5) in A/J in females (Fig. 1B , Supplemental Table S1 ). Strains with the highest values for diferric transferrin significantly differed from strains with the lowest values, both in males and females (P ϭ 0.0001 and P ϭ 2.04 ϫ 10
Ϫ8
, respectively). The correlation between iron and diferric transferrin was found to be highly suggestive in females (Table 1) .
Heritability
For all traits, heritability (h 2 ) estimates were moderate to high, ranging from 0.27 to 0.60 ( Fig. 2) . In general, heritability was higher in males for all traits except for diferric transferrin levels. However, this difference was not significant (P ϭ 0.3).
In Silico Mapping
Liver iron. Genome-wide in silico QTL analysis identified 12 putative QTL over 9 chromosomes influencing hepatic iron levels in males, and 16 putative QTL over 10 chromosomes in females ( Table 2, Fig. 3 ). Two of these putative QTL contain genes recently reported to play a role in iron homeostasis: a 0.35 Mb region on Chromosome 5 containing Eif2ak1, eukaryotic translation initiation factor 2-␣ kinase 1, which plays a role in hemoglobin production, the maturation of macrophages and the inflammatory response, and a 0.48 Mb region on Chromosome 17 containing Igf2r, insulin-like growth factor 2 receptor, which has a role in iron sensing. In addition, GRAIL analysis identified Eif2ak1 as significantly similar to the Hmox1 and Tfrc genes (P ϭ 0.007).
Four putative QTL were found to be in previously reported iron-related QTL in mice (Table 3) . First, a 0.29 Mb putative QTL (at ϳ34 Mb) on Chromosome 7 associated with iron levels in males in our study, overlaps with a 2.2 cM QTL affecting the severity of hepatic iron loading (6) and ventral midbrain iron content (29) in mice. Second, a 0.22 Mb putative QTL (at ϳ134 Mb) on Chromosome 7 in females, overlaps with a 31 cM QTL for basal liver iron in both males and males/females combined (25) , and is also close to a reported QTL for ventral midbrain iron content (29) . The only validated gene in this QTL is Adam12, previously identified in a separate in silico mapping study as a single candidate for fat mass after 8 wk on an atherogenic diet (35) . Third, a 0.64 Mb putative QTL on Chromosome 8 in males overlaps with a 19 cM QTL with effect on iron status in females (25) . Fourth, a 0.32 Mb putative QTL on Chromosome 11 in females overlaps with a 39 cM QTL affecting basal liver iron status in females (25) and is close to the 3 cM QTL associated with hepatic iron loading reported by Bensaid et al. (6) . It also borders a ventral midbrain iron content QTL (29) . Our in silico results refine these four QTL from ϳ12 Mb to 0.28 Mb and from ϳ60 Mb to 0.22 Mb for the first and second QTL on Chromosome 7, respectively, from ϳ51 Mb to 0.64 Mb for the third QTL on Chromosome 8, and from ϳ49 Mb to 0.32 Mb for the fourth QTL on Chromosome 11.
Our mapping study also identified 22 novel putative QTL influencing iron levels in the liver ( Table 2) . Several of these putative QTL contain candidate genes which are reported to play roles in different disorders, e.g., the 0. Pearson product-moment correlation coefficients (r) were calculated for each phenotype combination using mean strain values for each trait. The significance level (P value) is approximately t distributed. Significant/highly suggestive results are marked in boldface. Fe2TF, diferric transferrin levels. Fig. S1B ). The haplotypes reaching highest significance on Chromosome 18 (AS Ͼ2.45) are mostly contained in the third and fourth LD blocks, which harbor only two validated genes, Atp9b and Sall3, and three predicted genes, LOC665115, LOC665124, and LOC665133. However, further dissection of both putative QTL is necessary to obtain higher resolution and distinguish between one or possibly more tightly linked QTL affecting liver iron levels.
Diferric transferrin levels. QTL analysis identified 11 putative QTL over 7 chromosomes influencing diferric transferrin in males, and 13 putative QTL over 11 chromosomes in females (Table 4 , Fig. 3 ). Previous reports on QTL influencing transferrin saturation did not overlap with our results (28) . Liver iron levels and diferric transferrin levels shared one common putative QTL, on Chromosome 5 at ϳ114.8 Mb, with Trpv4 and Gltp in the overlapping section. Some of the novel putative QTL contain interesting candidate genes, e.g., GRAIL identified Ramp3 as significantly similar to the Tfrc and Tf genes (P ϭ 0.04). Also, Ankrd6 on Chromosome 4, Hnf1a on Chromosome 5, Nfe2l1 on Chromosome 11 and Apc on Chromosome 18 are interesting candidate genes in corresponding putative QTL. The average putative QTL size is 0.81, with only five QTL exceeding 1 Mb in size (Table 4) .
Liver copper and zinc. In silico analysis identified 13 putative QTL over 8 chromosomes influencing copper levels in males, and 8 putative QTL over 6 chromosomes in females (Table 5 , Fig. 3 ). For zinc levels, we identified 13 putative QTL over 9 chromosomes in males and 17 putative QTL s over 12 chromosomes in females (Table 5, Fig. 3 ). The putative QTL on Chromosome 11 influencing liver copper levels in females (at ϳ87 Mb) and in males (at ϳ95 Mb) overlaps with a QTL previously reported to affect liver copper concentration and stores in male rats (18) . This QTL, between D10Rat27-D10Rat98 in the rat, corresponds to 80.02-97.17 Mb on mouse Chromosome 11 (Rat Genome Database at http://rgd.mcw. edu). We have identified a putative QTL close to a QTL influencing prefrontal cortex copper at marker D17Mit49 on Chromosome 17 and zinc at marker rs6260196 on Chromosome 3 in males and a QTL influencing nucleus accumbens zinc at marker rs3663761 on Chromosome 8 in females (30) . However, this comparison is difficult to make with certainty since only QTL peaks were reported in the previous study. Liver iron and zinc levels shared one common putative QTL, on Chromosome 3 at ϳ66 Mb, with Veph1 and Ptx3 in an overlapping section. GRAIL analysis indicated that several genes, Cox7a2l and Rer1 (P ϭ 0.01), Itga3 (P ϭ 0.02), Ap4b1, Phtf1, and Mpo (P ϭ 0.03), and Pmpcb (P ϭ 0.05) are significantly similar to known genes of copper metabolism Table 5 ). The average putative QTL size is 0.81 for copper, with five exceeding 1 Mb, and 0.64 for zinc, with four exceeding 1 Mb (Table 5) .
DISCUSSION
In this study we have measured liver iron levels in 18 strains of inbred mouse and found a substantial variation between different strains. This finding is in concordance with previously published studies (13, 25, 28, 33, 47) and strengthens the case for the role of genetic factors in iron homeostasis. Likewise, variation between different strains in copper, zinc, and diferric transferrin levels supports a polygenic influence on these traits as well. Moderate to high heritability (27-60%) in all traits also suggests substantial genetic contribution to the phenotypic variance and corresponds well with reported heritability estimates of known polygenic traits, such as body weight (40 -70%, Ref. 43 ) for example. The significant positive correlation between liver iron and diferric transferrin levels in males and suggestive correlation in females imply possible co-regulation of these traits. The lack of correlations between iron and copper as well as iron and zinc suggests that iron homeostasis in the liver might be regulated independently from copper and zinc metabolism. However, the highly significant positive correlation between copper and zinc in females and the suggestion of a correlation in males support possible co-regulation of these two traits.
Using 14 inbred mouse strains and a haplotype-based approach to perform a search at the genome-wide level, we were able to identify 28 putative QTL influencing basal iron levels in liver using a threshold set at the 5th percentile of the best 1,000 results for each trait. Two of these putative QTL contain genes with a role in iron homeostasis, four overlap known iron-related QTL in mice and 22 are novel. In interpreting these results several factors need to be considered. First, since we used a relatively small number of strains, only loci with stronger genetic effects are picked up by our analysis (63) . Secondly, the success of in silico analysis depends not only on the number of strains used, but also on the complexity of the trait itself. More complex traits will mostly be influenced by many loci, each with a small genetic effect, which in turn reduces their likelihood of being detected (62) . Thirdly, the HAM approach uses sliding three SNP windows to infer haplotypes across strains. Inferred haplotypes are divided into haplotype groups and singleton haplotypes are left out of the analysis. Some regions of the genome, such as regions of low polymorphism, high haplotype diversity or high recombination rate, as well as new and acquired mutations in the haplotype, can increase the number of singletons and decrease the power of the haplotype analysis (62) . This effect, however, is reduced when using three SNP windows compared with four or more SNP windows (51) . In summary, the number of strains analyzed, the number of inferred haplotype groups in a specific region and the genetic effect of that region will all have an influence on the statistical power of in silico mapping. Furthermore, the choice of strains plays a role in the success of the in silico approach. Wild-derived strains make inferring haplotypes more difficult, although this is the subject of debate (12, 35, 62, 63) . More importantly, the genealogy of inbred strains, which are derived from a small number of founder animals (23), inflates false positive rates due to population structure between the strains. In practice this means that some regions of the genome will have a potential to show spurious association with the trait due solely to genetic relatedness. Even though the HAM method we used corrects for population structure, if the genetic background effect is large it could still lead to spurious associations. Finally, the number of putative QTL identified is dependent on the significance threshold used. Commonly used procedures for correcting for multiple testing may be too stringent for in silico mapping studies with a limited number of strains. However, if not applied, false positive findings may result (62) . As a compromise, we used relaxed significance criteria and focused our discussion only on six putative QTL for which corroborating data have been obtained [in the form of previously reported QTL influencing that specific trait, literature reports on the function of specific gene(s) in the putative QTL, or similarity to genes known to influence that trait, as predicted by GRAIL analysis]. Other in silico studies have utilized a similar approach (e.g., Ref. 64). Despite problems facing in silico analysis when relatively small number of strains is used, in practice such numbers are usual. Taking into account cost, space, and work requirements pertaining to every animal in the experiment it is likely that studies focused on certain phenotype will continue using rather small selected sets of strains. Therefore, our methods and results offer some insight for the future studies. Two identified putative QTL contain genes recently reported to play a role in iron metabolism: Eif2ak1 on Chromosome 5 and Igf2r on Chromosome 17. Eif2ak1 plays an important role in hemoglobin production and red blood cell formation and is important for maturation of macrophages, their capacity for erythrophagocytosis, and the inflammatory response (37) . It also plays a protective role in anemias of iron deficiency, erythropoietic protoporphyria, and ␤-thalassemia (37) . In vitro studies suggest Igf2r is a ligand for Hfe, with a possible role in sensing body iron levels; however, these findings need to be confirmed in vivo (58) .
Approximately 45 QTL affecting iron status have been identified in mice by classic intercross approaches (2, 6, 25, 28, 29) , although the true number is somewhat difficult to ascertain. Comprehensive comparison is prevented because most studies only report QTL peaks. Since QTL size/confidence intervals are not always reported, unless the signal was on the same marker or on a marker Ͻ1 Mb away, we counted two QTL as distinct signals. However, we strongly believe that the true number of QTL influencing iron metabolism is significantly smaller. We applied the same criteria to assess overlap between known iron-related QTL and the putative QTL identified by our study. Four putative QTL identified by us reside in, and substantially refine, previously identified QTL with an effect on iron metabolism and are therefore of particular interest. However, due to the difficulties outlined above, we strongly believe that the number of overlapping QTL is likely to be higher.
Out of four putative QTL, those on Chromosome 7 (at ϳ34 Mb) and 11 (at ϳ57 Mb) each contain only a single well characterized candidate gene. The in silico mapping allowed for a significant refinement of the QTL on Chromosome 7 from 60 Mb to 0.22 Mb. The only gene in the region, Adam12, is a metalloproteinase that is upregulated in liver fibrogenesis and has been implicated in modulating signaling via c-SRC and the TGF-␤ type II receptor (5, 59) . Other members of the TGF-␤ receptor family, the BMP type I and type II receptors, which transduce their signal via SMAD proteins, are intimately involved in liver iron homeostasis (17) . We speculate that Adam12 may play a role in modulating the BMP response. In addition, ADAM12 has a role in adipogenesis (31) , and it was also identified as a single candidate for fat mass QTL in a separate in silico study (35) . Obesity can result in alterations of iron metabolism in humans, but further studies are needed to better understand their relationship and its clinical relevance (67) . Likewise, a study in BSB mice showed that liver iron levels and iron transport genes are correlated with obesity (19) . In this context, Adam12 represents interesting candidate for further functional studies.
The putative QTL for iron status on Chromosome 11 overlaps a QTL affecting basal liver iron status in females (25) and borders a QTL associated with hepatic iron loading (6) and ventral midbrain iron content (29) . Our analysis significantly reduced the QTL from 49 Mb to 0.32 Mb. The only characterized gene in this region, Gria1, codes for a neurotransmitter receptor in the brain that binds to glutamate. A recent study in retina showed regulation of glutamate production by iron and emphasized that both glutamate and iron are known to be affected in many retinal degeneration and neurological disorders (42) . Another study in human cell lines reported a connection between the H63D HFE variant and glutamate excitotoxicity, which might play a role in adult-onset neurodegenerative diseases (46) . As noted by McGahan et al. (42) , glutamatergic systems are found in many nonneural tissues, and glutamate and iron interactions in the liver, as suggested by our studies and previous linkage findings, seem plausible.
We identified 22 novel putative QTL that did not contain genes previously implicated in iron metabolism. The most plausible candidates, based on the proposed functions of the proteins encoded by the genes underlying putative QTL, are listed in Supplemental Table S2 . However, further work is necessary to distinguish between real putative QTL and false positives.
There is only one common putative QTL for liver iron levels and diferric transferrin levels on Chromosome 5 at ϳ114.8 Mb, with Trpv4 and Gltp in an overlapping section. There is no published information linking these genes to iron homeostasis. Several other interesting genes reside in putative QTL influencing diferric transferrin. Ramp3 was found to be significantly similar to Tfrc and Tf in GRAIL analysis. Ramp3 and Tfrc are both known to be Wnt target genes (57) . Several other genes located in identified putative QTL belong to Wnt pathway: Ankrd6 on Chromosome 4, Hnf1a on Chromosome 5 and Apc on Chromosome 18. Mutations in genes of this pathway lead to a wide range of developmental defects and a variety of diseases, including cancer (48) . No common putative QTL were found between iron and copper, or diferric transferrin levels and zinc or copper. Interestingly, there were no shared putative QTL for liver copper and zinc in spite of significant correlation between these two traits. On the contrary, even though there is no evidence of correlation between them, liver iron and zinc levels share one common putative QTL on Chromosome 3 at ϳ66 Mb, with Veph1 and Ptx3 in overlapping section. Ptx3 is also indicated by GRAIL analysis as the most similar to known genes of zinc metabolism. It is suggested that Ptx3 plays role in innate immunity, inflammation, female fertility (24) and Parkinson's disease (55) , all of which could involve iron and/or zinc. Another interesting gene with similarity to zinc metabolism genes was Cyp24a1 in the putative QTL on Chromosome 2. Cyp24a1 has an important role in vitamin D metabolism (53) , and an evaluation of zinc supplement intake has shown that zinc levels increase significantly when zinc is given together with vitamins A and D (52) .
There are no previously reported QTL that overlap with those we identified for zinc levels, and there is only one putative QTL overlap previously reported QTL for copper, a QTL influencing hepatic copper in rats. In silico analysis reduces this QTL from 17.15 Mb to 9.42 Mb, but there are still 50 genes in this region. Two of them, Itga3 and Mpo, are marked by GRAIL analysis as similar to known genes of copper metabolism. However, there is no published information that connects these two genes to copper homeostasis. Few of the novel putative QTL have genes with obvious potential links to diferric transferrin, copper or zinc status (Supplemental Table S2 ). Once again, however, further work is necessary to distinguish between real putative QTL and false positives.
In conclusion, in silico mapping offers a time-and costefficient tool for detection of putative QTL underlying complex traits. Our results suggest that in silico mapping is useful even when a relatively small number of strains is used. We were able to identify two genes with a known role in iron metabolism, as well as several QTL involved in iron homeostasis previously mapped by linkage studies. More importantly, we were able to greatly reduce the size of known QTL by in silico mapping to a size that, in general, contains only a small number of candidate genes. Together these serve as important positive controls for the in silico approach. However, the use of a small number of strains causes uncertainty when it comes to newly identified putative QTL, and further work is needed to separate real from false associations. Carefully chosen additional mouse strains would increase the statistical power of this approach and facilitate further dissection of identified regions. They would also facilitate detection of loci that have been missed with the current set of strains. The use of newly developed resources such as Collaborative Cross (60) would further enhance the search for genes with roles in iron, copper, and zinc metabolism. Finally, strategic crosses between strains that carry certain haplotype-phenotype combination would bring unequivocal confirmation of the loci in question.
In addition to the work on newly identified QTL, more work is needed to better characterize confirmed QTL to better understand the genes they contain and their relationship with the trait of interest. Underlying polymorphism(s) might be located in coding, noncoding, or regulatory regions affecting function, splicing, expression, mRNA stability, or microRNA regulation of the gene. Also, translating these findings to humans can potentially give more information about the influence of given variation(s) in affected individuals. The relationships of given variants with the trait will provide insights into possible genetic contributions to susceptibility or resistance to many clinical disorders in which significant morbidity and mortality are associated with perturbations of metabolism of the micronutrients investigated, especially iron. Future research should focus on the development of innovative prevention and treatment strategies tailored to the individual and the present study can help inform such an approach.
